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1. Introduction

Anomaly Detection on Tabular Data

® Goal: Identify rare or abnormal instances that deviate from an underlying notion of normality
e Challenge:

o Tabular heterogeneous data with non-trivial cross-field dependencies
o Standard tabular AD pipelines assume fully structured features or rely on heavy feature engineering
e Using LLMs:
o How: Operate on a serialized representation of each row; exploit semantics of categorical values and raw
text with minimal preprocessing
o Challenge: Tabular invariances, tokenizer-induced distortions, calibrated likelihood-based scores

AnoLLM (ICLR 2025)

® Serialize each row into a text template; discretize numerical values into bins; fine-tune on normal data via next-
token prediction.

® Inference: score anomalies using negative log-likelihood.

e Limitation: One-shot SFT-style adaptation — weak signal for tightening the boundary of normality; performance
plateaus on subtle, near-normal anomalies.

® Motivation: Reduce mismatch between the model-induced distribution and the true normal-data distribution.




1. Introduction

Self-Play and f-Divergence

e Self-play: Principled route to iterative refinement — contrast real data with the model's own generations via a
discriminator-like objective; learning signal without additional annotations.

e Tabular AD: Critic distinguishes real normal samples from model-generated ones; policy updated so future
generations better match the normal-data distribution.

e Extension: Broader family of f-divergences beyond SPIN's IPM-like divergence — useful when the geometry of
the normal data manifold varies across domains.

Our Approach: DiSPaT

e DiSPaT: Divergence-driven Self-Play framework for unsupervised Tabular anomaly detection with LLMs.
e Formulation: Each mixed-type row is a serialized token sequence refined through an adversarial self-play game.

e Objective: Minimize the f-divergence between the empirical distribution of normal data and the model-induced
distribution.
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2. Background: AnoLLM — Training

T . . 9 s a
S(ﬂ-a X'i,) = Cr(1) 18 E(Xi,ﬂ'(l))a ooy Cr(d) 18 E(Xi,ﬂ'(d)) Tabular data
. .. . . name age city job  weekly_hours
The resulting set of serialized tabular strings 1s denoted Alice 28 Hanoi Engincer 40
Bob 32 DaNang Designer 38

as § = {S(m,x;) | m € Sq,i € {1,...,n}}. For each
string s € &, data is transformed into a token sequence
(Wo, W1, .
sent the beginning-of-sequence (BoS) and end-of-sequence
(EoS) tokens, respectively. The fine-tuning process mini-

.., Wi(s), Wi(s)+1), Where wy and wy(g)1, repre- |

Serialize:
column is value

A

Rows shown are normal training data;
unusual values (e.g. weekly_hours = 200)
are anomalous.

mizes causal language modeling loss: ,
I(s)+1 i
L(0) =Eges | — Z log mo(Wk | Wo:k—1)
k=1

Causal Language Modeling

Permuted strings enter the LLM;
fine-tune on normal rows by minimizing

>

Feed to LLM

Serialize

name is Alice, age is 28,

city is Hanoi, job is Engineer,
weekly_hours is 40

name is Bob, age is 32,

city is Da Nang, job is Designer,
weekly_hours is 38

Permute:
shuffle order

Y

the next-token prediction loss.

LLM

-

Permutation

city is Hanoi, weekly_hours is 40,
name is Alice, age is 28,

job is Engineer

job is Designer, name is Bob,

age is 32, city is Da Nang,
weekly_hours is 38

Same information,
different column order.




2. Background: AnoLLM — Inference

In the inference stage, anomaly score for a test sample x’

Serialize & permute
is computed by averaging negative loe-likelihood across r Test data B DB SO JE G el
p y g g g g name age city job  weekly hours | Apply 1 fixed job is Analyst, weekly_hours is 42
M M Carol 30 H Analys 42 er ations
different permutations: boe 45 Hot oot 200 M s city s Hue, weekly_hours is 42, name
Each test ' 1 ind lentl k5 Carol;
~ACn rest row s scored 1nd {’P(’H( ent, _\',' c . o
Dave has an unusual weekly hours age1s 30, JOb 1S AnalySt
T l(S (773 1 ]_ value.

. . S(Uii‘(’-%]. ..., T, for all test rows (r = 21).
fox) = ==Y Z log mo(wi” | wilj 1)
7=1

Compute negative
log-likelihood (NLL)

Y
where [(S(7;,x")) denotes number of tokens used to encode Anomaly score Likelihood scoring
. . ! 1 ine-
tabular features under j-th permutation. Here, 7{, ..., 7, ~ ol =7 2 NLL e
.. . . 7= LLM
Sq denote distinct permutations of {1,2,...,d}, applied Carol: fp = 2.1 e Seore o
. N al TTJ
consistently across all samples. o NLL; =
Dave: fp = 8.7 — 3 logm (w \u )
Anomaly &mo Okt
i ! Average over r permutations.
1gher score = more anomalous.
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3. Methodology

(B) Score & contrast

Let P; denote the distribution over ground-truth normal -
sequences (x,y), where x is a context and y ~ Py(- | (&) Genernte J(8) — 1o 0|

contrast mo, (W | ;)

- . . - eal pair | . y! Synthetic _ o _
x) is real continuation. Correspondingly, P represents E;.gf}n. 5 Reference 1, _’;r,; o real vs. synthetic Clamped rejected score
d To. (- | pl8) =

model-induced distribution with synthetic continuations |
. . Shown for one of the n training samples (2;, y; ).
‘y’ ~J 7]'9 (- ’ m) . Our goal IS to leam ]:P)B that Closely allgns the reference policy mg, stays fixed during iteration t. i el

* "'I.'II' ‘\'n'ir'l'f'll'.t L

with PP; through iterative self-play ; U e

T iterations

min Df (Pd,Pg) 5
9 s ! ~ -
(D) Next iteration (C) Implicit-critic update

Dy(B4, P) %%{E (@, )] — Ery [ (T(,9)

: . malwl|®)
7 log nnn{ 7o, WlE)" 1 r}

become the new reference

. : ate (@) = i al(
€T Te,,, at iteration {41 update 8¢ L:(8) Z "('”' (8)- (5. 'ﬁ}))
- i=1
The loop (A)— (B)— (C) = (D) runs for T £(z) = log(l + e™%)
Herations.
At each iteration the loss is summed over all Update

samples and the reference policy is refreshed before 01 «+ argmin £,(@)
o .

the next iteration.




3. Methodology

(1) Critic Update. Assume that at the current iteration k£, (B) Score & contrast
we have current LLM model 7g, , and we update critic 7}, | (A) Generate | o “ﬂ o 1 2
o e = t}gﬂg‘, T
tO maximize: IREM pair | . Reference | ¥ Synthetic L'U]]l:L'fiHl (i | )
(i, gs) ~ —> > e real vs. synthetic Clamped rejected score
/ P o o le) | "o
* g L ple) =
the reference policy g, stays fixed during iteration i.

(2) Policy Update. Subsequently, we update LLM model A

A the synthetic continuation feeds the
1

e to move Pg closer to [P; by performing the outer mini- 5 rejected score.

T iterations

mization, leading to: i

(D) Next iteration

max E[Pe [f* (Tk (:B’ 'y’ ) )} Updated parameters 6,

9 become the new reference

(C) Implicit-critic update

Loss (sum over all n samples)

(g — i af =0¢
Ta,,, at iteration f+-1 update &, Li(8) = ):: J'r'('n:' "B} f ('”" "B}))
- i=1
The loop (A)— (B)—(C) = (D) runs for T f(z) =log(l +e7%)

ierations.

! h iteration the loss is sunmed over all n J
minE, (/| [ log moly | @) f"| Blog moly’ | ) e x f P

samples and the reference policy is refreshed before Bp1 +— argmin L£,(8)
o .

o mo, (Y | ) 7o, (Y’ | x)
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3. Methodology

In practice, the model at iteration £ may occasionally gener-
ate synthetic samples ¢’ that closely resemble true normal

data. Penalizing such samples as pseudo-anomalies would

be counterproductive. To address this, we apply a clamping :

~[ 1 . e (y’ |33 ) 1
p" = [ log min o, (y/]x) €
0, \Y
(B) Score & contrast
A) G ¢ Chosen score
enerate 7ol i
’ p8) = flog Teii,y' || z ))
8 . - T \Yi | T
o o , 3 contrast a
IReaI PUT @ Reference | Y. Syn}lhetu. real vs. synthetic
(@i yi) ~ —> o > ¥~ o > Clamped rejected score
Py : g, (- | @) sle) =
- . Talyile.]
g for one of the . train 3 log uun{ T._‘_:., AL 1 (}
I e polic stays
A
T iterations |
Is ! 3 -
(D) Next iteration (C) Implicit-critic update
Updated parameters 6, Loss (sum over all n samples)
become the new reference " .
iy — w ST
Te,,, at iteration 41 update 8, L(6) = Z J'f'("rj" (0)-f {"rj" "9}))

-« i=1
The loop (A)— (B)— (C) — (D) runs for T £(z) =log(l + e~ %)

Update
B ¢ eu'gm&'!u L£,(8)

At each iterati

samples and the refe

Algorithm 1 DiSPaT

Input: Tabular dataset X = {x;}!" ,, SFT-initialized LLM
Te,, iterations 7', non-decreasing Fenchel conjugate f~,
regularization 3, clamping threshold ¢

1: fori=1,...,ndo
2:  Sample permutation 7w ~ Sy
3:  Serialize row Xx; into context-continuation pair

(xi,¥:i) = S(m,x;)

4: end for

5: fort=0,....,T—1do

6:  // Generate synthetic samples to serve as pseudo-
abnormal

7. fori=1,...,ndo

8: Sample synthetic continuation y! ~ g, (- | x;)

9:  end for

10:  // Single implicit-critic update to minimize f-
divergence

mo (yilxi)
] _ > o, (Yil%i)
12:  Compute rejected reward with clamping:

” .
P Blogmin{w, 1— e}
AL
13:  Update: 6,41 + argming y . £ (p¥ — f*(p))
14: end for
Output: Trained model 61

11:  Compute chosen reward: p;’ < 3 log

11
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4. Experiments

Datasets Baselines
® 6 mixed-type: Fakejob, Lymphography, Seismic, Classical (4)
Vehicle insurance, 20 Newsgroups, Ecoli IForest - PCA - kNN - ECOD

® 30 numerical (ODDS library) — Appendix Deep Learning (8)

Backbone LLMs DeepSVDD - RCA - SLAD - GOAD

® SmolLM-135M @ SmolLM-360M e SmolLM-1.7B NeuTral - ICL - DTE - REPEN

Evaluation LLM-based (1)

AnolLLM
® 50% normal for training; rest + anomalies for test

e Metrics: AUC-ROC, F1, AUC-PR Score Recent SOTA — Appendix (5)
o Inference: r = 21 permutations MCM - NPT-AD - DRL - LLM-DAS - CausalTAD
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4. Experiments

Methods'\ Datasets Fakejob Lymphography Seismic Vehicle 20 Newsgroups Ecoli  Average
Classical methods
Iforest 75.5% 67.3% 69.2%  49.6% 62.3% 85.6% 68.3%
PCA 72.4% 82.6% 69.2%  50.9% 62.3% 85.6% 70.5%
KNN 63.6% 86.0% 73.8%  52.4% 60.5% 87.7% 70.7%
ECOD 51.2% 83.0% 692%  50.9% 62.0% 77.6% 65.7%
Deep Learning based methods
DeepSVDD 56.1% 89.9% 71.3%  50.5% 59.7% 88.7% 69.4%
RCA 62.9% 91.9% 72.7%  53.1% 54.6% 88.3% 70.6%
SLAD 60.3% 96.4% 71.4%  55.6% 64.0% 88.2% 72.7%
GOAD 56.6% 81.7% 71.7%  51.2% 63.0% 88.1% 68.7%
NeuTral 54.8% 84.7% 68.1%  50.7% 65.8% 86.0% 68.4%
ICL 69.9% 82.7% 71.9%  50.1% 67.1% 88.7% 71.7%
DTE 54.8% 90.9% 71.4%  51.2% 60.0% 82.1% 68.4%
REPEN 65.3% 80.8% 724%  51.3% 57.4% 87.0% 69.0%
LILM-based methods
AnoLLM (SmolLM-135M)  80.0% 96.8% 71.2%  56.9% 76.6% 77.7% 76.5%
DiSPaT 84.2%" 100.0%" 732%"  63.8%" 91.9%' 94.9%"  84.6%"
AnoLLM (SmolLM-360M) 81.4% 99.5% 74.6%  55.5% 75.2% 80.4% 77.8%
DiSPaT 88.3%" 100.0%" 757%"  64.2%" 87.6%" 96.8%" 85.4%"
AnoLLM (SmolLM-1.7B) 80.2% 99.5% 74.0%  56.0% 77.4% 79.1% 77.7%
DiSPaT 85.2%" 99.8%" 74.6%" 59.0%" 87.1%" 95.1%" 83.5%"

Table 1. Detailed AUC-ROC scores (%) comparing DiSPaT against baselines on the six-dataset benchmark.
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4. Experiments

Methods' Datasets Fakejob Lymphography Seismic Vehicle 20 Newsgroups Ecoli Average
Classical methods
Iforest 27.4% 23.3% 25.1% 11.0% 13.7% 75.6% 29.4%
PCA 25.6% 56.7% 26.6% 12.4% 13.3% 77.8% 35.4%
KNN 16.3% 66.7% 29.1% 13.5% 15.6% 77.8% 36.5%
ECOD 16.5% 40.0% 28.2% 11.2% 13.2% 31.1% 23.4%
Deep Learning based methods
DeepSVDD 13.6% 56.7% 25.8% 11.5% 15.2% 53.3% 29.4%
RCA 13.7% 66.7% 32.0% 13.5% 12.9% 77.8% 36.1%
SLAD 17.5% 66.7% 28.5% 15.5% 15.9% 77.8% 37.0%
GOAD 12.9% 66.7% 29.5% 11.9% 13.6% 77.8% 35.4%
NeuTral 11.5% 63.3% 19.5% 12.0% 19.5% 51.1% 29.5%
ICL 24.5% 66.7% 29.8% 10.8% 19.0% T1.1% 37.0%
DTE 10.7% 66.7% 23.9% 12.1% 18.5% 66.0% 33.0%
REPEN 16.4% 66.7% 30.6% 12.6% 12.4% 75.6% 35.7%
LIM-based methods
AnoLLM (SmolLM-135M) 32.5% 76.7% 27.9% 16.2% 24.1% 33.3% 35.1%
DiSPaT 34.9%" 100.0%" 33.5%"  202%" 49.8%" 55.6%" 49.0%"
AnoLLM (SmolLM-360M) 34.3% 80.0% 33.6% 17.4% 22.0% 33.3% 36.8%
DiSPaT 40.8%"1 100.0%" 35.9%7T  19.6%* 40.1%" 77.8%7T 52.4%"
AnoLLM (SmolLM-1.7B) 34.4% 83.3% 34.1% 16.5% 28.1% 44.4% 40.1%
DiSPaT 37.2% " 83.3% 32.4%¢  18.4%" 39.2%" 77.8%" 48.0%"

Table 2. Detailed F1 scores (%) comparing DiSPaT against baselines on the six-dataset benchmark.
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4. Experiments

Methods\ Datasets Fakejob Lymphography Seismic Vehicle 20 Newsgroups Ecoli  Average
Classical methods
Iforest 22.7% 23.2% 23.5% 11.2% 14.6% 8.6% 17.3%
PCA 19.4% 62.4% 21.6% 11.7% 14.3% 16.0% 24.2%
KNN 13.8% 72.0% 25.6% 12.3% 14.8% 73.9% 35.4%
ECOD 13.0% 36.5% 24.4% 11.6% 14.1% 18.9% 19.8%
Deep Learning based methods
DeepSVDD 12.0% 68.0% 22.6% 11.4% 13.5% 2.4% 21.7%
RCA 13.4% 78.3% 25.0% 12.4% 13.6% 17.6% 26.7%
SLAD 15.0% 79.5% 24.1% 14.0% 15.9% 11.0% 26.6%
GOAD 11.7% 69.7% 23.9% 11.6% 14.4% 1.2% 22.1%
NeuTral 10.8% 68.1% 19.3% 11.7% 17.6% 43.0% 28.4%
ICL 19.3% 71.8% 25.1% 11.5% 17.5% 66.4% 35.3%
DTE 10.6% T74.7% 22.4% 11.6% 15.7% 77.7 % 35.5%
REPEN 14.6% 69.7% 24.9% 11.8% 12.6% 9.3% 23.8%
LIM-based methods
AnoLLM (SmolLM-135M) 28.6% 85.6% 23.6% 14.1% 22.3% 20.6% 32.5%
DiSPaT 30.9%" 100.0% " 269%" 17.5%" 49.4%" 53.6%" 46.4%"
AnoLLM (SmolLM-360M) 30.4% 93.8% 28.1% 14.3% 21.4% 12.7% 33.5%
DiSPaT 36.3%" 100.0%" 291%"7 16.9%" 37.6%" 65.4%" 47.6%"
AnoLLM (SmolLM-1.7B) 31.2% 97.6% 27.9% 14.3% 26.5% 39.4% 39.5%
DiSPaT 30.0%" 97.6% 283%"  15.1%" 36.1%" 77.3%"  47.4%"

Table 3. Detailed AUC-PR scores (%) comparing DiSPaT against baselines on the six-dataset benchmark.
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4. Experiments

85.0 66.0
Fakejob o 92.51 20 Newsgroup 95.0- Ecoli
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)
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g 17.04 <00 ]
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n
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32.0 = T T T T 12.0 T T T T 20.0 = T T T T 20.0
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Fakejob 18.0 45.01 20 Newsgroup 70.01 Ecoli
31.0 1
17.0 1 i
- 30.5 40.0 A 60.0
s 16.0 1 e
e 30.0 1 35.0 1 b
n|' 295 15.0 1
[S Il 40.0 -
S 30.0 4
-3 29.0 14.0
: 30.0 4
28.5 1 13.01 bl
20.0 -
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Figure 1. DiSPaT across self-play iterations on four datasets using SmolLM-135M. SFT indicates initial model,
and iter-k refers to model after k iterations of training.
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4. Experiments

Ecoli Dataset Seismic Dataset
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Figure 2. Effect of clamping threshold € on three datasets usingSmolLM-360M.
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4. Experiments

Vehicle
* Metri Fakejob L h h Ecoli ismic 20N A

f etric akejo ymphography  Crance coli Seismic ewsgroups verage

AUC-ROC 84.2% 99.3% 59.0% 02.3%  73.2% 01.3% 83.2%

v F1 34.9% 83.3% 16.9% 44.4%  32.4% 46.4% 43.1%

AUC-PR 30.9% 04 4% 15.4% 37.9% 26.6% 46.7% 42 .0%

AUC-ROC 83.9% 100.0% 63.8% 949%  73.2% 91.9% 84.6%

e’ —1 F1 35.1% 100.0% 20.2% 55.6% 33.5% 49 4% 49.0%

AUC-PR 30.7% 100.0% 17.5% 53.6% 26.9% 49 .8% 46.4%

y AUC-ROC 84.0% 100.0% 60.5% 903.1% 73.0% 91.9% 83.8%

T — F1 34.6% 100.0% 16.8% 55.6% 32.9% 48.6% 48.1%

AUC-PR 30.9% 100.0% 15.6% 51.1%  27.0% 48.6% 45.5%

AUC-ROC 83.8% 97.7% 62.8% 949%  73.1% 01.8% 84.0%

—log(l —wv) FI 34.4% 83.3% 23.2% 55.6% 33.5% 48.6% 46.4%

AUC-PR 30.6% 89.6% 23.2% 46.3%  26.4% 48.1% 44 .0%

Table 4. Performance comparison of SmolLM-135M with different f-divergence choices across datasets.
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4. Experiments

Dataset AnoLLM Time DiSPaT Time AnoLLM FLOPs DiSPaT FLOPs
Ecoli 4.1 28.5 1.5 x 10%° 3.7 x 1016
Lymphography 4.4 30.9 3.1 x 10*° 1.7 x 10*°
20 Newsgroups 4.7 35.2 3.2 x 10%° 4.1 x 10'°
Vehicle 6.6 48.3 6.4 x 10%° 8.4 x 106
Seismic 9.7 67.6 9.8 x 10%° 1.2 x 107
Fakejob 08.8 671.3 8.4 x 10'° 7.7 x 10'7

Table 5. Training time and total FLOPs of AnoLLM and DiSPaT on six datasets using SmolLM-135M on a single
NVIDIA A40 48GB GPU. Training time is reported in minutes.
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4. Experiments

Benchmark SPIN DiSPaT

ARC 34.90 £ 1.39 36.52 +1.41
Truthful QA 39.59 £ 1.45 39.71 +1.46
Winogrande 61.09 & 1.37 62.33 £ 1.37
GSMSK 29.57 £1.26 33.89 +1.30
HellaSwag 43.66 £ 0.49 45.11 £ 0.50
MMLU 44.75 £+ 10.05 45.23 + 9.83
Avg. 42.26 43.80

Table 6. Comparison with SPIN in the standard alignment setting. We fine-tune Qwen1.5-1.8B on 50000
UltraChat200k prompts and evaluate on HuggingFace Open LLM Leaderboard benchmarks. Results are reported
as mean and standard deviation.
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4. Experiments

Datasets Classical Methods Deep-learning based Methods LLM-based Methods
Iforest PCA KNN ECOD DeepSVDD RCA SLAD GOAD NeuTral ICL DTE REPEN 135M 360M 1.7B
AnoLLM DiSPaT AnoLLM DiSPaT AnoLLM DiSPaT

Annthyroid 922 839 8Ll 790 742 71.8  76.1 57.2 81.3 842 977 73.6 92.7 929 93.1 93.1 93.0 94.0
Arrhythmia 827 79.6 786 8l.1 76.5 78.6 T84 68.1 76.0 785 Ti.1 68.4 82.5 814 822 84.3 82.4 824
BreastW 994 988 992 992 97.4 98.7 98.6 994 98.3 99.2 982 95.5 99.2 99.6 99.3 99.6 99.1 99.4
Cardio 948 96.6 921 935 84.2 94.8  84.0 52.4 85.9 894 920 82.9 94.0 94.9 87.3 91.7 86.7 87.7
Ecoli 856 856 877 1716 88.7 883 882 88.1 86.0 88.7 821 87.0 7.7 949 80.4 96.8 79.1 95.1
ForestCover 87.0 945 985 921 533 944 857 27.8 89.8 97.7 97.8 90.2 88.1 92.2 83.5 91.3 88.7 88.9
Glass 802 713 849 693 824 71.9  79.0 57.4 93.3 88.7 799 75.5 81.9 82.6 79.7 82.3 8.8 82.5
Heart 819 842 8l4 659 773 78.5 822 838 81.1 78.7 83.1 44.9 82.0 79.7 79.9 80.7 80.3 833
Htp 992 999 100.0 979 99.0 99.5 999 99.6 97.3 100.0 99.5 99.4 100.0 100.0 100.0 100.0 100.0 100.0
lonosphere 89.1 894 960 734 96.3 91.6  96.0 95.0 95.6 97.0 96.4 54.5 90.9 96.4 92.4 92.7 91.8 93.0
LETTER 63.1 529 865 567 77.6 71.6  90.8 81.1 92.9 95.9 872 59.7 96.7 83.7 86.7 80.2 77.2 84.2
Lymphography 673 82.6 86.0 83.0 89.9 919 964 81.7 84.7 827 909 80.8 96.8 100.0 99.3 100.0 99.5 100.0
Mammography 88.1 90.0 872 90.6 85.7 873 740 756 69.0 782 864 863 91.5 87.2 87.6 88.4 87.4 88.1
Mulcross 99.9 100.0 100.0 96.0 100.0 100.0 969  100.0 96.8 100.0 100.0 973 100.0 100.0 100.0 100.0 100.0 100.0
Musk 97.1 100.0 100.0 95.6 100.0 100.0 100.0 100.0 100.0  100.0 1000 722 100.0 100.0 100.0 100.0 100.0 100.0
Optdigits 824 574 944 60.6 753 80.0 735 84.7 97.9 95.5 888 60.7 98.3 94.5 93.9 PS,U 88.8 95.9
Pendigits 97.1 942 999 928 83.8 96.7 932 220 96.3 97.1 982 922 97.1 97.7 96.4 96.5 93.0 96.0
Pima 720 711 741 587 59.3 704 584 66.5 76.3 69.7 66.2 68.8 66.3 70.9 65.4 70.3 65.3 72.1
Satellite 80.7 662 874 582 80.0 734 864 79.5 85.9 854 789 74.0 90.2 88.7 87.7 90.2 85.8 89.8
Satimage-2 993 979 999 965 96.1 99.8  99.7 99.4 86.1 99.7 988 99.8 100.0 99.9 99.9 99.9 99.9 100.0
Seismic 692 692 738 692 713 727 714 719 68.1 719 714 724 71.2 73.2 74.6 75.7 74.0 74.6
Shuttle 996 994 999 993 99.7 99.6  99.8 99.0 99.7 99.9 998 99.2 100.0 99.9 100.0 99.9 99.9 100.0
Smtp 905 809 93.6 880 78.0 845 926 91.1 89.0 88.5 953 894 92.7 92.1 92.9 91.9 92.4 93.0
Speech 478 47.1 486 47.1 56.3 472 511 55.0 60.9 58.2 511 53.1 47.0 48.1 47.0 48.2 47.0 474
Thyroid 989 984 976 97.8 86.9 96.9 948 68.9 88.6 98.7 99.0 90.4 97.5 97.7 98.3 99.3 99.1 99.3
Vertebral 446 494 406 474 47.8 47.8 483 51.6 54.5 543 570 247 56.5 63.9 40.8 804 39.2 522
Vowels 779 644 975 597 89.5 89.1 969 92.5 98.8 97.9 983 753 98.2 96.0 93.8 95.5 93.3 94.9
WBC 947 949 947  90.7 90.4 946 928 66.3 76.5 90.8 913 77.0 96.4 94.8 95.2 95.5 95.7 95.0
Wine 93.0 927 952 729 854 899 964 96.1 96.0 944 974 83.5 90.9 97.2 85.1 96.2 87.6 96.0
Yeast 86.3 850 802 787 70.6 816 416 235 629 713 781 69.9 74.4 77.8 73.0 80.3 75.4 75.7
Average 847 826 879 T79.0 81.8 84.8 84.1 74.5 85.5 87.7 879 76.6 884 89.4 86.5 90.5 86.1 89.4

Table 7. Detailed AUC-ROC scores comparing DiSPaT against baselines over 30 datasets in ODDS. The best and second-best
results in each row are indicated in red and blue, respectively.
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4. Experiments

Datasets Classical Methods Deep-learning based Methods LLM-based Methods
Iforest PCA KNN ECOD DeepSVDD RCA SLAD GOAD NeuTral ICL DTE REPEN 135M 360M 1.7B
AnoLLM DiSPaT AnoLLM DiSPaT AnoLLM DiSPaT

Annthyroid 574 4877 440 388 43.6 36.7 418 257 46.8 50.1 789 338 584 59.2 59.7 62.0 62.6 64.6
Arrhythmia 61.2 542 554 59.1 53.3 542 536 503 51.5 533 521 45.2 61.2 60.4 60.0 62.1 62.1 60.7
BreastW 969 959 963 954 93.6 959 951 96.6 96.7 959 963 935 95.8 97.1 96.6 97.1 96.7 96.7
Cardio 715 808 676 666 56.4 726 602 294 56.8 689 0644 561 73.4 72.2 66.5 65.9 63.4 64.2
Ecoli 756 778 778 311 53.3 778 T8 718 51.1 7.1 66.0  75.6 333 55.6 333 71.8 35.6 77.8
ForestCover 109 158 745 238 3.5 18.9 13.6 0.1 426 769 778 6.4 25.6 27.1 21.3 24.0 18.6 20.2
Glass 156 133 178 15.6 244 156 17.8 13.3 42.2 289 133 6.7 17.8 21.1 17.8 22.2 15.6 222
Heart 91.7 922 906 893 90.6 90.8 913 910 904 91.0 914 876 91.2 91.4 90.7 91.5 90.9 91.0
Http (KDDCUP99)  10.7 926 994 22 45.9 382 929 438 19.3 99.3 349 204 98.9 97.0 95.8 96.2 93.4 98.2
Ionosphere 79.7 789 894 660 89.5 83.2 894 854 88.2 90.6 90.0 595 82.1 89.7 83.8 844 84.3 85.7
Letter Recognition 176 13.6 434 146 40.4 29.0 548 404 63.6 722 588 16.4 734 66.2 48.6 474 32.0 40.1
Lymphography 233 567 667 400 56.7 66.7 667  66.7 63.3 66.7 66.7 66.7 76.7 100.0 80.0 100.0 83.3 83.3
Mammography 413 474 409 535 44.3 358 138 287 13.5 29.8 364 294 55.1 44.2 42.8 454 41.5 425
Mulcross 99.5 100.0 100.0 74.7 100.0 99.9 76.0 100.0 85.2 99.6 100.0 8l.6 100.0 100.0 100.0 100.0 100.0 100.0
Musk 61.6 100.0 100.0 546 100.0 100.0 100.0 100.0 100.0 100.0 100.0 15.0 100.0 100.0 100.0 100.0 100.0 100.0
Optdigits 159 01 284 27 29.7 2.1 4.0 16.5 639 471 164 2.0 72.0 50.7 443 46.7 34.0 633
Pendigits 551 442 910 427 44.5 53.0 356 0.0 46.7 61.0 606 373 559 57.1 50.5 52.6 36.7 564
Pima 67.2 688 69.2 578 57.0 67.2 585 62.8 69.5 670 624 668 62.6 64.6 62.0 66.0 61.7 68.3
Satellite 69.6 614 762 538 71.0 685 760 693 75.1 757 723 69.1 79.8 79.8 774 80.3 75.3 79.8
Satimage-2 87.3 848 935 718 88.4 949 825 95.5 5.1 91.8 50.1 91.6 95.2 94.4 94.4 94.4 92.6 95.8
Seismic 251 266 291 282 258 320 285 295 19.5 299 239 306 279 33.5 316 359 34.1 324
Shuttle 964 958 977 917 98.3 96.9 975 96.5 98.2 98.3 974 936 98.3 98.1 98.4 97.8 98.4 98.4
Smtp (KDDCUP99) 0.0  66.7 66.7 66.7 9.3 653  66.7  66.7 60.7 493  66.7  60.7 66.7 65.4 66.7 66.7 66.7 65.0
Speech 3.0 4.9 5.6 4.9 3.6 49 3.9 3.9 4.9 7.5 52 1.3 6.6 6.6 6.2 6.6 6.6 6.6
Thyroid 789 723 643 626 55.7 60.0 639 417 350 778 804 346 68.2 78.5 72.5 89.2 79.6 81.7
Vertebral 187 207 140 213 28.0 16.0 160 300 32.7 193 30.0 1.3 28.7 30.0 18.0 46.7 16.7 333
Vowels 248 200 684 220 54.8 424 716 460 768 740 78.0 244 76.0 64.8 55.6 60.0 60.0 66.0
WBC 819 79.0 714 562 70.5 724 6677 381 18.1 733 619 219 79.0 78.4 76.2 85.7 71.4 76.2
Wine 700 620 700 380 42.0 60.0 720  76.0 700  62.0 720 440 50.0 80.0 52.0 70.0 62.0 70.0
Yeast 48.6 421 337 335 31.0 352 84 1.0 18.1 33.1 328 15.8 32.0 35.8 31.0 39.0 29.9 42.1
Average 519 572 648 460 53.5 56.2 566 508 53.5 65.1 612 430 64.7 66.6 61.1 67.8 60.2 66.1

Table 8. Detailed F1 scores comparing DiSPaT against baselines over 30 datasets in ODDS. The best and second-best results in
each row are indicated in red and blue, respectively.
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4. Experiments

Datasets Classical Methods Deep-learning based Methods LLM-based Methods
Iforest PCA KNN ECOD DeepSVDD RCA SLAD GOAD NeuTral ICL DTE REPEN 135M 360M 1.7B
AnoLLM DiSPaT AnoLLM DiSPaT AnoLLM DiSPaT

Annthyroid 646 550 463 40.6 44.1 38.3  46.1 28.6 435 55.5 835 343 63.1 64.4 64.8 69.0 69.4 70.8
Arrhythmia 66.2 61.7 556 622 56.3 56.2 55.6 51.8 50.7 556 566 419 63.6 65.1 64.2 70.3 60.2 63.7
BreastW 994 985 992 992 96.6 98.6 983 99.4 97.0 99.1 967 925 99.1 99.6 99.2 99.6 99.2 99.5
Cardio 78.6 844 737 712 60.6 745  66.7 325 61.0 75.0 678  56.7 81.1 79.1 72.6 72.2 69.2 69.6
Ecoli 8.6 16,0 739 189 24 176 110 1.2 43.0 664 T77.7 9.3 20.6 53.6 12.7 65.4 39.3 77.3
ForestCover 649 71.0 786 30.6 62.1 739 728 79.6 47.5 80.7 583 68.2 41.9 439 41.7 43.6 43.5 445
Glass 198 167 242 242 26.3 18.7 208 15.0 48.4 374 226 16.5 247 21.1 23.4 247 25.2 347
Heart 972 976 972 940 96.4 96.6 973 97.7 97.2 96.3 975 88.4 97.2 96.2 96.9 96.4 97.0 97.6
Http (KDDCUP99) 49.6 91.1 99.5 254 58.8 403  91.0 61.8 36.4 99.5 583 53.6 97.0 96.6 95.6 96.0 92.7 97.5
Ionosphere 89.8 912 96.7 769 96.7 93.2 969 95.8 95.9 97.7 972 534 933 97.3 93.2 94.5 94.2 94.9
Letter Recognition 168 143 426 141 41.2 259 57.8 39.0 70.3 77.3 55.0 15.1 79.7 50.2 19.1 46.9 29.2 457
Lymphography 232 624 720 365 68.0 783 795 69.7 68.1 718 747 69.7 85.6 100.0 93.8 100.0 97.6 97.6
Mammography 392 443 399 54.8 44.7 31.2 126 232 9.4 287 378 268 59.2 45.1 36.4 46.9 39.1 43.6
Mulcross 989 100.0 100.0 722 100.0 100.0  78.8 100.0 81.6 99.8 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Musk 66.6 100.0 100.0 62.7 100.0 100.0 100.0 100.0 100.0 100.0 100.0 175 100.0 100.0 100.0 100.0 100.0 100.0
Optdigits 6.6 59 314 65 232 122 109 17.8 64.5 414 222 7.6 75.0 58.1 39.8 43.5 28.8 66.4
Pendigits 544 376 958 395 41.6 516 292 2.6 40.8 65.6 509 31.9 623 67.7 55.4 56.9 425 634
Pima 714 696 716 622 60.6 69.8  60.3 66.0 74.6 695 639 673 67.7 70.1 67.4 68.2 66.3 704
Satellite 845 769 B89 658 842 80.6 86.6 80.8 86.0 88.7 843 80.6 91.0 90.3 89.1 91.5 87.1 91.1
Satimage-2 93.0 90.1 98.0 745 90.5 97.7 903 98.0 8.2 96.7 526 952 98.8 98.1 97.4 98.1 96.5 98.8
Seismic 235 216 256 244 22.6 250 241 239 19.3 250 224 249 236 269 28.1 29.1 279 28.3
Shuttle 984 962 972 9.6 98.7 96.0 96.8 94.9 99.4 995 946 928 99.7 98.5 99.6 98.7 99.5 99.7
Smtp (KDDCUPY9) 1.0 454 459 60.8 5.8 441 469 44.1 58.2 37.7 467 403 65.8 62.2 64.5 57.6 59.0 63.6
Speech 35 3.7 3.8 4.0 4.2 37 3.6 4.0 52 5.7 4.0 35 3.6 4.0 3.7 6.6 3.7 4.0

Thyroid 783 791 69.6 635 56.0 649 68.6 40.1 33.0 822 86.0 385 69.6 826 74.0 92.8 84.7 87.9
Vertebral 210 232 192 228 252 214 21.0 28.1 30.3 264  31.0 15.1 289 30.0 18.1 47.7 222 31.7
Vowels 229 162 762 153 60.3 455 765 54.4 86.1 804 83.1 20.3 83.9 64.7 59.9 60.0 61.4 68.0
WBC 842 87.6 814 58.6 4.7 80.8 711 40.8 22.6 714 640 235 873 83.5 75.3 89.0 75.8 814
Wine 672 659 711 321 51.2 51.7 782 78.9 71.9 734 873 484 522 87.3 52.9 78.1 68.1 80.3
Yeast 44.0 346 294 323 209 30,3 106 7.6 16.8 262 282 18.7 30.1 299 30.2 343 26.9 35.0
Average 549 58.6 66.8 48.0 56.1 573 587 52.6 55.8 67.7 63.5 44.4 68.2 68.8 62.3 69.3 63.5 70.2

Table 9. Detailed AUC-PR scores comparing DiSPaT against baselines over 30 datasets in ODDS. The best and second-best
results in each row are indicated in red and blue, respectively.
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5. Conclusion

DiSPaT: Divergence-driven Self-Play for Tabular Anomaly Detection

e Unsupervised tabular anomaly detection with LLMs.
@ lterative f -divergence minimization — synthetic pseudo-anomalies at each iteration.
® Discriminative signal absent in one-shot fine-tuning — tighter description of normality.

Three Contributions

(1) Theory: Minimise f-divergence between normal data distribution and model's generations; tight
variational approximation to the f-divergence between real and model-induced distributions.

(2) Algorithm: DiSPaT — self-play with implicit critic; single tractable optimization step per iteration; no
anomalous supervision.

(3) Empirical: Consistently outperforms AnoLLM, strong classical and deep-learning baselines, and recent
tabular AD methods across multiple datasets; ablations validate iteration depth and divergence choice.
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